This study examined the number of days of global positioning system (GPS) monitoring needed to measure attributes of an individual's routine activity space. Multiple alternative activity space representations (cumulative, mean daily), measures (kernel density, route buffer, convex hull), and attributes (area size, supermarkets, fast food restaurants, parks) were examined. Results suggested wide variability in required GPS days to obtain valid estimates of activity space attributes (1-23 days). In general, fewer days were needed for mean daily activity space representations, kernel density measures, and densities of environmental exposures (vs. counts). While kernel density measures reliably estimated between-person differences in attributes after just a few days, most variability in environmental attributes for convex hull and route buffer measures was within-person. Based on these results, a minimum of 14 days of valid GPS data is recommended to measure activity spaces.
Introduction
Environmental influences on health behaviors and outcomes are the focus of considerable research attention. This research is almost exclusively based on environmental exposures in neighborhoods where people live (Chaix et al., 2009; Leal and Chaix, 2011; Perchoux et al., 2013) , defined in various ways ranging from administrative units such as census tracts to Euclidean or street-network buffers. Results from this research are often inconsistent, with some studies finding associations in hypothesized directions and others not. Activity spaces offer a promising complement to residential neighborhoods for measuring people's environments to avoid the "local trap" and better understand how the environment affects health behaviors and outcomes (Kwan, 1999; Cummins, 2007) .
While conceptualizations vary across disciplines, activity spaces include locations where activities are carried out such as work, school, and shopping, as well as the travel routes between these locations (Golledge and Stimson, 1997; Chaix et al., 2012) . Daily mobility as well as the home location determine activity spaces (Rainham et al., 2010) . Activity spaces also include locations that are seen during travel but not necessarily visited (Schönfelder and Axhausen, 2004 ) (e.g., liquor stores or parks passed during travel or near activity locations). Some conceptualizations emphasize that activity spaces refer to locations of and movement between regular activities, although "regular" (e.g., daily, weekly, monthly) is rarely defined (Sherman et al., 2005) . Similarly, regular or routine activity spaces are sometimes distinguished from activity spaces more generally over a given time period Sherman et al., 2005) . Definitions rooted in time geography extend the conceptualization to stress the accessible area given time-location constraints (Kwan, 1999; Hägerstraand, 1970) . Here we conceptualize an activity space as the area in which an individual moves or travels during activities over a given time period (Gesler and Albert, 2000; Golledge and Stimson, 1997) . We view both routine activity spaces, which reflect the subset of locations regularly visited and corresponding travel routes, and daily deviations from these routine activity spaces as potentially important for health and health behaviors, differentially capturing chronic and acute environmental exposures, respectively.
While activity spaces are of growing interest in health research (Perchoux et al., 2015; van Heeswijck et al., 2015; Shareck et al., 2014 Shareck et al., , 2016 Shareck et al., , 2013 Zenk et al., 2011; Kestens et al., 2012; Lebel et al., 2012; Malpede et al., 2007; Browning and Soller, 2014; Mason et al., 2015) , there is little agreement on how to measure them. Activity logs and travel diaries in which participants record all activity locations they visit were traditionally used to assess hubs for activity space measurement, but have high participant burden and thus are impractical for use for more than a couple of days. Questionnaires have emerged in which participants are asked about a limited set of non-residential activity locations, sometimes as few as 5 (Inagami et al., 2007) or 9 (Shareck et al., 2014 (Shareck et al., , 2013 , but also up to 20 in one questionnaire . However, with these types of measures, actual travel routes are ignored and relevant activities that serve as main hubs within one's activity space are likely to vary across subgroups (e.g., by age, gender, employment status, socioeconomic status), potentially resulting in systematic measurement error or bias to the extent that the measured activity space differentially omits relevant activity locations for different subgroups.
Global positioning system (GPS) tracking has tremendous potential for measuring activity spaces because of the high spatial and temporal resolution, within-person longitudinal data it can yield on where an individual travels and spends time, how frequently and for how long, and in what sequence with low participant burden . GPS tracking also facilitates research on not only associations between routine activity space environmental exposures and health behaviors and outcomes (Perchoux et al., 2015) , but also contributions of daily deviations in the activity space to daily variations in health behaviors and psychosocial factors (e.g., stress, emotions) (Freisthler et al., 2014; Kirchner et al., 2013; Lipperman-Kreda et al., 2015) . While it has technical limitations (e.g., signal loss, poor compliance) and other methodological issues (e.g., selective mobility bias) that require careful attention Kestens et al., 2016; Hurvitz et al., 2014; Rainham et al., 2012) , GPS monitoring is becoming increasingly common for activity space research. This emerging research has most frequently used one week or less of monitoring (Krenn et al., 2011; Sadler and Gilliland, 2015; Byrnes et al., 2015; Gustafson et al., 2013; Chambers et al., 2017; Browning and Soller, 2014; Burgoine et al., 2015; Lipperman-Kreda et al., 2015; Tamura et al., 2017; Zenk et al., 2011 Zenk et al., , 2012 Kestens et al., 2016; Duncan et al., 2014) , with little known about the extent to which the derived activity spaces reflect routine activity spaces. In fact, the number of days of GPS tracking needed for reliable and valid measurement of routine activity space environments is largely unknown. This lack of knowledge on an appropriate temporal window for GPS data collection is a major barrier to advancement of next generation studies on the environment and health using an activity space framework.
As one of the first studies to address this barrier, we sought to determine the number of days of GPS tracking needed to obtain reliable and valid estimates of the size of and environmental exposures in one's routine activity space over one month. A one-month activity space captures not only routine daily activities (e.g., commuting) but also routine activities that have different temporal frequencies yet may serve as important activity space hubs (e.g., trips to a gym three times per week, weekly visits to a place of worship or supermarket, bi-weekly or monthly trips to the mall or a relative's home). We operationalized an individual's routine activity space as their cumulative 28-day activity space, which follows the usual approach (though often based on 7 days total data). While less commonly employed (Kwan, 1999) , we also used a mean value of an individual's daily activity spaces over 28 days as an alternative routine activity space measure, which essentially weights the activity space according to the individual's daily exposures and thus dampens the effect by unusual activity locations and travel routes. In keeping with commonly used activity space measures in the literature, we used three alternative measures: convex hull (minimum polygon that encompasses all activity locations and has no internal angles greater than 180 degrees), route buffer (area around all activity locations including routes that an individual travels between activity locations), and kernel density surface (intensity surface for raster grid based on the calculation of a value within each grid cell of a count of activity locations within the local neighborhood, defined by a search radius) (Lee et al., 2016; Sherman et al., 2005) . This latter measure weights the activity space based on cumulative duration of time within each grid cell. We measured activity space size/area and three environmental exposures common in obesity research: supermarkets, fast food restaurants, and parks. Data are from the Activity Space and Contextual Measures of Environmental Exposures (ASCMEE) study.
Methods

Setting and sample
The setting for this study was four contiguous community areas of Chicago's west side: Austin, Humboldt Park, Logan Square, and West Town. These contiguous communities were selected to facilitate recruitment of a racially/ethnically and socioeconomically diverse sample living in the same general area, roughly equidistant from the central business district. Overall, in 2011-2015, these communities were 36% African American, 31% Latino, and 29% non-Hispanic white, with 36% of residents with a college degree and 24% of residents with household incomes below the federal poverty level (U.S. Census Bureau, 2011 Bureau, -2015 . These four communities in aggregate were 15.2 square miles and had 25 supermarkets (1.6 per mi 2 ), 119 fast food restaurants (7.8 per mi
2 ), and 16 parks (comprising 5.0% of total land area). We recruited a non-probability sample of working age (18−64) adults from these four community areas.
Data collection procedure
Data collection consisted of two phases; data from the first phase are used in this study. In the first phase (September 2015 to April 2016), we asked participants to complete 30 days of data collection that included three visits to a public university located approximately 2-6 miles from the study area: baseline, midpoint (~day 15), and final (d ay 30) visit. During the baseline visit, participants provided informed consent, completed a questionnaire, and learned how to use study equipment. During the data collection/field period, participants were asked to wear a GPS data logger (Qstarz BT-Q1000XT) and accelerometer (ActiGraph GT1M) while awake on an elastic waist band for 30 consecutive days. Staff contacted participants twice weekly by telephone or email during the field period. They returned at the approximate midpoint (day 15) for data downloading from the equipment. This visit also served as an in-person check-in with participants to answer questions and discuss compliance issues. During the final visit, participants completed an additional questionnaire. Participants received either a public transit card or paid parking at each visit. Some participants were delayed in completing their final visit and of their own volition continued wearing their equipment; these participants had more than a 30-day field period. Participants were compensated per study visit and per day of GPS/accelerometer data up to a maximum of $165. This study was approved by the University of Illinois at Chicago Institutional Review Board (protocol number 2015-0164).
Measures
Activity space measures
The GPS data logger recorded location on a one-minute epoch. GPS data were pre-processed using multiple steps. First, we uploaded the files for each participant into the Physical Activity Location Measurement System (PALMS) (Patrick, 2009) . PALMS is a webaccessible service that facilitates the merging and processing of raw time-stamped data from multiple separate devices such as accelerometers and GPS loggers. Among its features, PALMS pre-processes the GPS data to detect and filter implausible data points (Center for Wireless and Population Health Systems, 2011) . Second, we created one file of all merged post-PALMS data for each participant. Third, we created an adjusted date variable for analysis spanning from 4:00 a.m.
on the corresponding date to 3:59 a.m. the following day to account for participant travel that continued past 12:00 a.m. (Klepeis et al., 2001; Goodchild and Janelle, 1984) . Fourth, we removed the days of the midpoint and final visits (day 1 began at 4:00 a.m. the day following the baseline visit) in order to avoid biasing participants' activity spaces by trips to the university, as well as any days of valid GPS data beyond day 30. Fifth, we eliminated days that did not meet wear criteria of at least one GPS point and 6 h ActiGraph wear time. [ActiGraph data were preprocessed using MeterPlus (Santech, Inc., San Diego, CA, 2011). A minimum of 60 consecutive minutes of zero activity intensity counts identified non-wear.] This step-combining a low GPS wear threshold with ActiGraph wear criteria-allowed us to include days on which participants were compliant with wearing equipment but with low GPS points due to signal loss in their homes. Sixth, we removed GPS points that were more than 50 miles outside the study area and their associated trips in order to minimize bias from occasional travel (e.g., vacation, business trips) not representative of participants' routine activity space. Overall, 73 trips across 21 participants were removed, resulting in the complete exclusion of 25 days (in which the participant spent the whole day outside the study area) across 14 participants. Finally, remaining days were indexed such that days of valid data were treated as consecutive days for analysis, even if the time period was interrupted by invalid days (e.g., days not meeting wear criteria based on the ActiGraph, trip outside study area).
We then constructed three different activity space measures based on the post-processed GPS data. For each participant, we constructed two conventional measures of activity space: convex hull (using the minimum bounding geometry tool) and route buffer (using both the points to line and buffer tools) using ArcGIS 10.2.1. The route buffer measure was constructed at both 240 m (meters) and 500 m. We present results for 500 m only in this paper as the substantive interpretation of our results are similar for the smaller buffer size. Of these two conventional activity space measures, we prefer the route buffer measure because it explicitly measures where people traveled. In order to take into account time spent at locations and thus exposure duration, we also derived kernel density surfaces (using the kernel density tool in the ArcGIS 10.3 Spatial Analyst toolbox). For the reasons made clear in the analysis section, we constructed single day measures (i.e., day 1; day 2; day 3…day 28), mean daily measures (i.e., mean days 1 and 2; mean days 1, 2, 3; …mean days 1, 2…28), and cumulative day measures (i.e., days 1-2; days 1-3;…days 1-28) for each participant.
We measured not only the geographic size (in square miles) of the convex hull and route buffer but also a selection of environmental exposures for each participant's single and cumulative 28-day activity spaces: supermarkets, fast food restaurants, and parks. We selected these environmental attributes because they are commonly used in obesity research, potentially contributing to different sides of the energy balance equation, and because of differences in their spatial distribution within the urban environment (e.g., fast food restaurants are more common than supermarkets). Supermarkets were defined as standard industrial classification (SIC) codes 541101-541109 (excluding 541103) and > $2M annual sales (InfoUSA 2014 quarter 4). Fast food restaurants were defined as SIC code 58120601 or 581203 (Dun & Bradstreet 2014 quarter 4). Parks were measured based on 2014 data merged from NAVTEQ and TeleAtlas, and then deduplicated. Specifically, we measured counts and densities (number per mi 2 ) of supermarkets and fast food restaurants. For parks, we measured counts of unique parks and the percentage of the activity space that was park land. The density measures and percent park land measure adjust for differences in the variable size of activity space. Kernel density measures for supermarkets, fast food restaurants, and parks were created using 30 m by 30 m cells and a fixed 500 m bandwidth (matching the route buffer diameter).
Participant characteristics
We described the sample using a number of demographic characteristics: age, gender, race/ethnicity (African American or nonHispanic black, Hispanic or Latino, non-Hispanic white), age in years, education (no high school diploma/GED; high school diploma/GED only; trade/vocational school, associate's degree, or some college; bachelor's degree or higher), employment (currently employed, retired, disabled, student, unemployed, other), annual household income (< $15,000, $15,000-29,999, ≥ $30,000), home ownership (owned, rented, other), auto ownership (leased or owned, neither), marital status (single or never married, married/living with partner, separated/divorced, widowed), and length of residence in the neighborhood in years.
Statistical analysis
Our main analytic strategy was modeled after studies testing how many days of monitoring with an accelerometer or pedometer are needed to measure typical physical activity (Matthews et al., 2002; Kang et al., 2009 ). Reliability of GPS data to measure activity space attributes over incrementally longer measurement periods up to 28 days was assessed using intraclass correlation coefficients (ICC). An ICC is an estimate of the proportion of the variation in the activity space attribute (e.g., supermarket density) that is between-person versus within-person day-to-day variability. To derive the ICCs, we used restricted maximum likelihood mixed regression models, with days nested within participants and mean daily activity space environmental attributes (e.g., mean daily supermarket density in the daily activity space over 7 days) as the dependent variables. We did not calculate ICCs for the cumulative activity space attributes (e.g., supermarket density over a cumulative 7-day activity space) due to concerns about non-independence of observations when each subsequent cumulative measure is composed of the previous measure plus any daily change. Regression models were repeated, increasing the number of days on which the outcome was based in each successive model (e.g. mean days 1, 2; mean days 1, 2, 3; mean days 1, 2, 3, 4) until all days (i.e. days 1…28) were included. ICC values were then calculated for each model from estimated variance components to determine how many days must be included in the model to reach an acceptable level of reliability. We considered an ICC > 0.80 to be acceptable reliability to differentiate people with different typical activity space attributes (e.g., people with high and low supermarket densities in their route buffer) (Matthews et al., 2002; Kang et al., 2009; Tudor-Locke et al., 2005) , although 0.70 is sometimes used as well (Trost et al., 2000) .
Validity was assessed using two approaches: mean absolute percentage error (MAPE) and explained variance (R 2 ) from regression models (Kang et al., 2009) . MAPE is based on absolute percentage error (APE), and is calculated using the following formula
with x representing the attribute value, i representing the measurement period (e.g., 7 days), and n is the total number of participants. We calculated APE for both the mean daily values over 28 days and the cumulative 28-day values. APE values were calculated for each combination of days (e.g., day 1, mean days 1 and 2, mean days 1, 2, 3…mean days 1…28 for mean daily measures; day 1, days 1-2, days 1-3…days 1-28 for cumulative measures) for each participant. The MAPE was then calculated as the mean of all participants' APE scores for the mean daily measures and the cumulative measures. Estimates of < 20% indicate acceptable validity, as smaller MAPE values indicate the activity space attribute for the measurement period is closer to participants' true 28-day activity space attribute (Kang et al., 2009 ).
Related to the MAPE for activity space size/area, we also present descriptive statistics on the proportion of the 28-day cumulative activity space surface that is covered after 7 (days 1-7), 14 (days 1-14), and 21 (days 1-21) days.
Second, we used regression analysis to estimate how many valid GPS days were needed to predict the 28-day activity space attribute, for both the mean daily measures and the cumulative measures (TudorLocke et al., 2005) . Specifically, for the mean daily outcome measures, we conducted a series of hierarchical regression models. Specifically, we regressed the mean daily 28-day activity space measure (i.e., mean of daily values for days 1-28) on the day 1 activity space measure and then included an additional consecutive single day measure to each regression model (e.g., Model 1: day 1; Model 2: day 1, day 2; Model 3: day 1, day 2, day 3…; Model 28: day 1, day 2, day 3,…day 28). For the cumulative outcome measures, we conducted a series of bivariate regression models. Specifically, we regressed the cumulative 28-day measure on lower level cumulative day measures, with the independent variable in each subsequent model incorporating an additional day (e.g., Model 1: day 1; Model 2: cumulative days 1-2, Model 3: cumulative days 1-3…; Model 27: cumulative days 1-27). The adjusted R 2 value for each model indicates the percentage of variance in the 28-day activity space measure that was explained by the model. We considered an adjusted R 2 > 0.80 to indicate the number of valid GPS days required to adequately predict the 28-day activity space attribute. All analyses were completed using SPSS 24 (Chicago, IL).
Results
We enrolled (i.e., consented) 101 participants, 97 of whom participated in at least one day of data collection. On average, these 97 participants were in the field for 29.4 days (SD 10.3) and had 23.7 valid days of GPS data (SD 7.4). Half of these participants had 4 or fewer invalid GPS days (mean 2.4, SD 4.7). This analysis is based on those 34 participants who had at least 28 valid days of GPS data. Half of these had no or one invalid GPS days (mean 2.4, SD 1.7). Table 1 shows demographic characteristics of the analytic sample (n = 34). Most (over 80%) were Hispanic/Latino or non-Hispanic black/African American, and one-third were employed and 38% owned a car. Among the largest differences when comparing 34 participants in the analytic sample to the 67 participants who began data collection but did not have 28 valid days worth of GPS data, the analytic sample was less likely to be non-Hispanic white, have a bachelor's degree, and be currently working; more likely to own a home; and have longer duration of residency in their current neighborhood. They were similar on other characteristics (e.g., age, gender, income, auto ownership). (See Supplemental Table 1.) Table 2 shows descriptive statistics for attributes of participants' 28-day activity spaces, specifically size/area and the three environmental exposures: supermarkets, fast food restaurants, and parks. The top panel shows results for the cumulative 28-day measures, while the bottom panel shows results for the mean daily measures over 28 days. These descriptives indicate, for example, that participants' activity spaces vary tremendously in size and environmental exposures. Supplemental Table 2 shows corresponding descriptives for 7-, 14-, and 21-day activity spaces. Fig. 1 (panels a-d) presents ICC results for different measurement periods, ranging from 2 valid days to 28 valid days, for mean daily activity space area/size, supermarkets, fast food restaurants, and parks. In general, ICCs for the kernel density activity space measures for supermarkets and parks usually exceed 0.80, even based on a few days of valid GPS data. The ICCs for kernel density activity space measures for fast food restaurants sometimes exceed 0.70, but there is no clear time frame after which the ICCs remain above 0.70 and they never exceed 0.80. Furthermore, for the route buffer and convex hull activity space measures, the ICCs for area/size and any of three environmental attributes never exceed 0.70. Table 3 summarizes median ICCs for the mean daily activity space measures across all measurement periods, ranging from 2 days to 28 days. The median ICCs for kernel density measures of supermarkets and parks are 0.89 and 0.84 respectively, while it is 0.68 for fast food restaurants. This indicates that as much as 89% of the variation in these exposures based on kernel density measures is between people, whereas as little as 11% is within-person, reflecting day-to-day variability. For the route buffer measures, the median ICCs range from 0.23 for area/size (indicating 77% of the variation within-person) to 0.54 for fast food restaurant density. For the convex hull measures, the median ICCs are generally lower; the lowest median ICC is also found for area/size (0.06) and the highest median ICC is for fast food restaurant counts (0.33). Table 4 presents the minimum number of valid days of GPS data necessary to reach a MAPE < 0.20 and an adjusted R 2 > 0.80. For the MAPE analyses, between 7 and 15 days are required for the MAPE to fall below 0.20 for both mean daily and cumulative kernel density surface measures. For the other activity space measures (route buffer, convex hull), in general, fewer valid GPS days are needed for the MAPE to fall below 0.20 for the mean daily measures compared to the cumulative measures. To estimate 28-day area/size for both the route buffer and convex hull measures, between 10 and 20 valid GPS days are needed for the MAPE to fall below 0.20. For the 28-day environmental exposures, at least 15 days are required for the cumulative route buffer and convex hull measures, while the requisite number of valid GPS days ranges from 4 to 19 (with 8 of 12 exposure measures requiring 14 days or less) for the were categorized hierarchically in the order listed (e.g., a participant who indicated they are both currently working and a student is classified here as currently working. S.N. Zenk et al. Health & Place 51 (2018) 52-60 mean daily route buffer and convex hull measures. These patterns of results generally hold for the explained variance (adjusted R 2 ) results. One noteworthy difference is that the explained variance results often suggest even fewer valid days of GPS monitoring are required for the mean daily activity space measures to achieve an adjusted R 2 > 0.80. Table 5 shows the proportion of the 28-day cumulative activity space surface covered after 7, 14, and 21 days. For the convex hull, on average across participants, 43% of the 28-day cumulative activity space is covered by day 7 (IQR 42), 65% by day 14 (IQR 48), and 84% by day 21 (IQR 16). For the 500 m route buffer, on average, 50% is covered by day 7 (interquartile range or IQR 51), 70% by day 14 (IQR 33), and 87% by day 21 (IQR 13).
Discussion
While activity space research is growing in popularity to understand environmental influences on health behaviors and outcomes, major gaps exist in activity space measurement. Fundamental for research using GPS monitoring as the basis for activity space measurement is the number of days of GPS monitoring required for reliable and valid measurement of routine environmental attributes. To our knowledge this is the first study to address how many days of GPS monitoring are needed to measure these environmental attributes. In a racially/ ethnically diverse urban sample with low rates of employment and auto ownership, our results suggest wide variability (between 1 and 20 days) in the number of valid days of GPS data needed to accurately estimate activity space size and environmental exposures over one month. The requisite number of days depends on the activity space measure (e.g., kernel density, route buffer), attribute (e.g., size, supermarket, park), and representation (cumulative or mean daily). But in contrast to the current norm of up to 7 days, our results suggest that at least 14 valid days of GPS monitoring may be needed to accurately reflect a range of attributes for different activity space measures and based on different representations of an individual's one-month activity space. This result is similar to a related study by Schlich and Axhausen who recommend a minimum of two weeks of daily data collection to understand habitual travel behavior (Schlich and Axhausen, 2003) .
Validity
Based on the MAPE and explained variance statistics, fewer valid days of GPS monitoring were generally needed to accurately estimate S.N. Zenk et al. Health & Place 51 (2018) 52-60 participants' one-month activity space environmental attributes for kernel density surfaces than for route buffers and convex hull measures. Based on the MAPE results, we were able to achieve valid estimates of participants' cumulative and average daily 28-day activity space environmental exposures with as few as 7 valid GPS days for kernel density measures of fast food restaurants. Kernel density measures of supermarkets, on the other hand, required 15 days of valid GPS data. Unlike route buffers and convex hulls, kernel density measures of environmental exposures are weighted according to where the individual spends time. These results might suggest that even if people move around in different ways on different days over a month, they may not be visiting diverse sets of places with respect to supermarket, fast food restaurant, or park access. Another potential explanation is that because kernel density measures can heavily reflect people's residential neighborhoods, due to the disproportionate amount of time many people spend there, these activity space measures more quickly approximate the monthly values. In general, fewer valid GPS days were needed to accurately estimate supermarket, fast food restaurant, and park densities in the one-month activity space than to estimate the raw counts of these environmental exposures. In other words, once activity space size is taken into account, fewer days are needed to accurately reflect these exposures over one month. This likely reflects the fact that resource densities can fluctuate up or down, while counts of resources can only go up as the size of the activity space expands. Based on the MAPE results, researchers only interested in density measures may need 2-9 fewer days of valid GPS data to accurately reflect environmental attributes over one-month, depending on the environmental exposure.
Finally, accurately estimating mean daily environmental attributes over one month required fewer valid days of GPS monitoring than accurately estimating cumulative one-month activity space environmental attributes. While the latter is more commonly used, the selection of an approach should not only be guided by measure validity, but even more importantly by the researcher's underlying conceptualization of how activity space environments affect health behaviors and outcomes.
Reliability and within-and between-person variability
Our ICC results suggest that we were only able to reliably distinguish between individuals on any environmental exposures using kernel density surface measures, not route buffer or convex hull measures. Based on kernel density surfaces that weight attributes based on where people spend time, we were able to reliably estimate park and supermarket exposures (which are less common than fast food restaurants) after just a few days of GPS tracking. Our results do not reveal a clear measurement period that yields adequate reliability for route buffers or convex hull measures, or for kernel density fast food restaurant measures. While not focused on activity space environments, a prior study found that 12 days of GPS monitoring were needed to reliably estimate physical activity time in many locations, although they were not able to reliably estimate physical activity time in commercial and residential (outside the home) locations based on even 21 days of monitoring (Holliday et al., 2017) .
As shown in Table 3 , our results indicate that most of the variation in time-weighted activity space environmental attributes is between people (60-90%). On the other hand, the vast majority of the variation in activity space area/size and environmental exposures for the route buffer and convex hull measures, which are not weighted by time, is generally within person (46-94%). In other words, there is more within-person day-to-day variation in activity-space size and environmental exposures than between-person variation. This suggests that non-time weighted activity spaces may be helpful to understand the role of the environment in within-person day-to-day variability in health behaviors and other health-related outcomes (e.g., mood, stress, blood pressure) (Dunton and Atienza, 2009; Dunton, 2017; Zenk et al., 2014 Zenk et al., , 2017 Maltz et al., 1991) .
Strengths and limitations
This study provides one of the first examinations of the number of days of GPS monitoring needed to obtain reliable and valid estimates of routine activity spaces. It has important strengths including the collection of one-month of GPS data, use of multiple activity space representations (cumulative, mean daily), measures (convex hull, route buffer, kernel density surface), and attributes (size, supermarket, fast food restaurant, park).
Nonetheless, the study also has important limitations to keep in mind. First, this is a small sample and the generalizability of the results is unclear. Thus, more research with different samples is needed. It is possible that fewer days of monitoring are required for samples with characteristics associated with more regular activities (e.g., those who are employed full-time) (Susilo and Axhausen, 2007) . Second, while our goal was to estimate the number of GPS monitoring required to obtain reliable, valid estimates of activity space attributes, our analyses actually estimate the number of valid days of GPS data required. More days of GPS monitoring may be needed to obtain the indicated number of valid GPS days. However, this is likely to vary depending on the sample, the utilized GPS technology (with monitors with fewer malfunctions and lower participant burden possibly minimizing invalid GPS days), and length of the field period (e.g., our lengthy 30-day field period may have contributed to more invalid GPS days). Based on the 86 participants in our study with 14 days of valid GPS data, our study suggested that the median number of days of GPS monitoring required to obtain those 14 valid GPS days was 16 (IQR 4). Third, while we examined activity space size/area and three environmental exposures that differed in spatial distribution, it is possible results may differ for other attributes. Fourth, we operationalized the routine activity space as the space individuals traveled and conducted activities over onemonth. Inevitably this one-month measure has measurement error as it likely includes non-routine or atypical activity locations and travel routes. Thus, our validity analyses likely overestimate the requisite number of valid GPS days. Fifth, while all participants in the analytic sample had at least 28 days of GPS data, there are some missing days, including the removal of midpoint date when they visited the university. It is unclear what effect, if any, this had on results. Sixth, by virtue of their construction, kernel density surface measures are heavily weighted by the participants' homes and residential neighborhoods. Trimming the home and/or residential neighborhood and estimating the kernel density surface for only the non-residential locations could provide additional insights. M = mean, SD = standard deviation, Min = minimum, Q = quartile, Med = median, Max = maximum, m = meters.
Conclusions
While health researchers often turn to activity spaces to better capture the environment of places to which people are exposed (Boruff et al., 2012; Gustafson et al., 2013) , incorporating activity spaces into neighborhood and health research also allows us to better incorporate time into our studies Matthews and Yang, 2013; Rainham et al., 2010; Saarloos et al., 2009; Widener et al., 2017) . Use of kernel density methods in particular for activity space measurement permits more accurate estimates of environmental exposures based on both space and time. Our study suggests that activity space research may be suitable for capturing not only chronic environmental exposures through routine activity spaces measurement but also acute environmental exposures through daily activity space measurement. Thus, while underexplored to date, activity space research also allows us to examine within-person variability in environmental exposures and how this variability contributes to daily fluctuations in health behaviors and psychosocial factors (e.g., stress, emotions, cognitions). Our research provides important new information on how many valid days of GPS monitoring we need for this activity space research. But this is only the tip of the iceberg in terms of what needs to be learned methodologically to realize the potential of activity space approaches in health research; we look forward to many more methodological studies addressing questions about the requisite duration of GPS monitoring for activity space measurement and other topics.
